Synthesis of novel nanoparticles should always be accompanied by a comprehensive assessment of risk to human health and to ecosystem. Application of in silico models is encouraged by regulatory authorities to fill the data gaps related to the properties of nanoparticles affecting the environment and human health. Interspecies toxicity correlations provide a tool for estimation of contaminant's sensitivity with known levels of uncertainty for a diverse pool of species. We propose here first interspecies cytotoxicity correlation models between Escherichia coli (prokaryotic system) and human keratinocyte cell line (HaCaT) (eukaryotic system) to assess the discriminatory features for cytotoxicity of metal oxide nanoparticles. The nano-QTTR models can be employed for extrapolating cytotoxicity to E. coli and human keratinocyte cell line (HaCaT) for metal nanoparticles when the data for the other species are available. Informative illustrations of the contributing mechanisms of toxic action of the metal oxide nanoparticles to the HaCaT cell line as well as to the E. coli are identified from the developed nano quantitative toxicitytoxicity relationship (nano-QTTR) models.
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Introduction
Commercial application of nanotechnology is escalating rapidly with the development of a wide range of novel nanoparticles (NPs) for various areas of human life (Gajewicz et al., 2012) . Ample amount of NPs may also pose anonymous risks to human health and to the environment due to their complex life-cycle. It is often critical to predict probable hazardous impact of new NPs before their mass production and application in the daily life. Regulatory agencies are directly looking for ways of assessing these risks as fast as possible (Zhang et al., 2012) . One of the most important groups of engineered nanoparticles includes nano-sized metal oxides. Considering the complexity of nano-sized metal oxides and their abundant applications, it is essential to anticipate their toxicological properties in a fast and economical way in order to alleviate the adverse effects on human health and the environment. There is an urgent need for more efficient methods of testing both required and potentially unwanted properties of NPs (Puzyn et al., 2010) . As the experimental evaluations of hazardous properties of NPs are expensive and time consuming, the application of reliable computational methods is one of the key alternatives before their mass production. On the other hand, increasing social and economic pressure to trim down the use of animal testing is an important reason to develop alternative methods which include in silico models. Quantitative structure-activity relationship (QSAR) model of nano-materials support the 3Rs (replacement, refinement and reduction in animals in research) (Benigni and Giuliani, 2003) and serve as a promising approach for toxicity prediction of the nanomaterials. In fact, it is an attractive option to predict toxicological effects directly from the physicochemical properties and chemical structure of the NP entities .
Encouraging results of investigations confirm that there is a strong need to broaden the traditional quantitative structure-activity/property/toxicity relationship (QSAR/QSPR/QSTR) paradigm to NPs and to develop "nano-QSAR" models which can accurately assess the toxicity of NPs (Puzyn et al., 2011) . Notable nano-QSAR models have been established to predict the cellular uptake of NPs in pancreatic cancer cell (PaCa2) by various groups of authors (Epa et al., 2012; Fourches et al., 2010; Ghorbanzadeh et al., 2012; Kar et al., 2014a) . Rational nano quantitative structure-property relationship (nano-QSPR) models have been discussed based on the catastrophe theory by Carbό-Dorca and Besalù (2011) . Puzyn et al. (2011) employed quantum chemical calculations and Toropov et al. (2012) applied web based software CORAL to build QSAR models to describe the cytotoxicity of metal oxide NPs to bacteria E. coli. Xia et al. (2011) have mapped the surface adsorption forces of NPs for quantitative characterization in biological conditions. Gajewicz et al. (2015a) developed a nano-QSAR model describing toxicity of 18 nano-metal oxides to a HaCaT cell line as a model for dermal exposure. Liu et al. (2013) developed a nano-QSAR model for toxicity of metal oxide nanoparticles (NPs) for human bronchial epithelial (BEAS-2B) and murine myeloid (RAW 264.7) cells. Shao et al. (2013) developed QSAR models using nanotoxicity endpoint of surface modified multi-walled carbon nanotubes.
Interspecies quantitative toxicity-toxicity relationship (QTTR) models involve a toxicity endpoint for a particular species acting as a predictor variable along with other descriptors to model same toxicity endpoint against another species (Kar and Roy, 2010b) . The toxicity endpoint which acts as a predictor variable can highlight the mechanism of action of a particular compound to some extent as it is derived by standard experimental bioassay, while other descriptors as used in standard QSAR models are obtained purely from chemical structure or physicochemical experiments. This can increase the reliability of an interspecies quantitative correlation models compared to the simple QSAR models for further toxicity prediction. Another fascinating point regarding interspecies correlation is that occasionally toxicity of a compound to a particular biological species is reported but its quantitative toxicity to another biological species is not known. In those cases, interspecies toxicity correlations provide a tool for estimating sensitivity towards toxic chemical exposure with known levels of uncertainty for a diversity of different species (Raimondo et al., 2007) .
The aim of the present work is as follows:
1) Development of interspecies nano-QTTR models for E. coli (prokaryotic) and HaCaT (eukaryotic) cell lines to assess the discriminatory features for the cytotoxicity of metal oxide NPs for both the species. It is probably the first report regarding interspecies nano-QTTR models according to our knowledge. 2) The models will be helpful to predict the cytotoxicity of the individual compounds for any one of species when the data for the other species are available, 3) Contributing mechanisms of action of the NPs to both species are identified and compared with previously established ones, 4) In the background of scarcity of data points for metal oxide toxicity, the present work establishes a new approach for the development and validation of nano-QTTR models. We believe that, this study will contribute for more possibilities in upcoming days for comprehensive risk assessment of nanoparticles when the cytotoxicity data is missing for a specific species.
Materials and methods

Dataset
The cytotoxicity data of 17 nano-metal oxides (Puzyn et al., 2011) to bacteria E. coli and 18 nano-metal oxides (Gajewicz et al., 2015a) to HaCaT cell line have been taken from previous experimental works. The results have been expressed in terms of the logarithmic values of molar 1/LC 50 (the concentration of a given oxide causing reduction of bacteria viability of 50%, converted from weight to molar units). Combining the two datasets, common 16 metal oxides were used to develop nano-QTTR models. As CuO has only cytotoxicity value for E. coli, and, WO 3 and Mn 2 O 3 had cytotoxicity values known for HaCaT cell line, we have used them as true external compounds for prediction of cytotoxicity value to HaCaT cell line and E. coli, respectively. It is interesting to point out that the QTTR models developed in this study is based on the experimental data for nano-sized metal oxides, having diameter size ranged from 15 to 90 nm. It is important to mention that the particle size does not influence the toxicity at the studied range of the analyzed oxides (Adams et al., 2006) .
Descriptor calculation
We had calculated as well as collected a set of 34 descriptors quantitatively describing variability of the nanoparticles' structure. These included: 17 quantum-mechanical descriptors, 11 image descriptors (derived from Transmission Electron Microscopy images) and 6 descriptors were taken directly from the publically available periodic table (Supplementary section, Table S1 ).
Quantum-mechanical descriptors
Calculated 17 quantum-mechanical descriptors reflect electronic properties of the surface of nanoparticles (Supplementary section, Table S2 ). Here, we have calculated electronic properties based on small, stoichiometric clusters, reflecting all characteristics of fragments of crystal structures of particular oxides. All the clusters were of the same size: 0.5 Â 0.5 Â 0.5 nm. Molecular geometries of each cluster reflecting all characteristics of fragments of crystal structures of particular oxides, were optimized at the level of semi-empirical PM6 method (Stewart, 2007) implemented in the MOPAC 2009 package (Stewart, 2009 ).
Image descriptors
A set of 11 image descriptors reflecting the size distribution, shape, porosity, and surface area for all studied nano-sized metal and semimetal oxides were calculated based on the TEM microscopic images at the stage of experimental characterization of the nanoparticles (Gajewicz et al., 2015a) .
Periodic table descriptors
We have taken some basic information of metal oxides like metal electronegativity ( χ ), sum of metal electronegativity for individual metal oxide ( χ ∑ ), sum of metal electronegativity for individual metal oxide divided by the number of oxygen atoms present in a particular metal oxide ( χ ∑ nO / ), the charge of the metal cation corresponding to a given oxide (χ ox ), atomic number and valence electron of metal as simple molecular descriptors. These descriptors are obtained in virtually no time, which is very time effective as well as cost efficient too (Kar et al., 2014b) .
Nano-QTTR model development and validation
As sixteen metal oxides have cytotoxicity values for both the species, they are considered for models development. Initially without taking any other descriptors, just simple linear regression has been performed between cytotoxicity data for all 16 metal oxides on the two species and it is interesting to point out that the encouraging initial results lead us for development of nano-QTTR models. Subsequently, identification of the most important descriptor from the total pool of 34 descriptors was done using stepwise multiple linear regression (stepwise-MLR) (Darlington, 1990) . Along with the selected descriptors, cytotoxicity data to one of the species has been used as a predictor variable for the prediction of cytotoxicity to another species for all 16 metal oxides using partial least squares (PLS) method (Wold, 1995) .
According to Hawkins et al. (2003) , when the available sample size is small, holding a portion of it back for testing is wasteful, and it is much better to use cross-validation, but ensuring that this is done properly. Hawkins suggested that the full model selection procedure (including variable selection) has to be applied to each fold in the validation. This leads to generation of "true q 2 " which is a better metric for validation than "naïve q 2 ". Similar to the approach suggested by Hawkins, while calculating r m 2 (LOO) , variable selection process can be applied at each cycle of omission of data points and the resulting metric is called "true r m 2 (LOO) " (Mitra et al., 2010a) . The "true r m 2 (LOO) " statistic obtained from the model developed from the undivided data set after application of variable selection strategy at each cycle of validation may efficiently reflect the external validation characteristics of the developed model as demonstrated by Mitra et al. (2010a) . The advantage of using this approach is that the developed model is more reliable due to use of larger number of data points in model development and validation for small dataset, and also that one need not worry about how to efficiently divide the data set into training and test sets.
In The developed models are also used to predict HaCaT cytotoxicity of CuO (for which E. coli cytotoxicity is known) and E. coli cytotoxicity of Mn 2 O 3 and WO 3 (for which HaCaT cytotoxicity are known). The regression based nano-QTTR models have also been subjected to randomization study employing the metric 
Results and discussion
Statistical aspects of nano-QTTR models
Linear regression has been performed between cytotoxicity data for all 16 metal oxides of two species and the regression model yielded a squared correlation coefficient (R 2 ) of 0.42 without using any kind of calculated descriptors. Taking HaCaT cytotoxicity as the response variable and E. coli cytotoxicity as predictor variable and vice versa, the values of leave-one-out crossvalidation parameter (Q 2 LOO ) are 0.22 and 0.28 respectively. In order to get more statistically significant and interpretable models, along with the thinned descriptors, one species cytotoxicity data is used as a predictor variable for the prediction of cytotoxicity for all 16 metal oxides for the other species using PLS method.
HaCaT and E. coli cytotoxicity correlation Considering HaCaT cytotoxicity as the response variable and E. coli cytotoxicity along with calculated/selected descriptors as predictor variable, we have constructed the following PLS equation (Eq. 1): In Eq. (2), ΔH Me þ is enthalpy of formation of a gaseous cation and χ ox is the charge of the metal cation corresponding to a particular oxide.
The values of all classical metrics are well within the acceptable limit for both equations. The observed and predicted values for individual compounds for both species are presented in Table 1 . It is interesting to point out that, the predicted values are in between minimum and maximum values of observed data for both species. In such a case, we firmly confirmed that the predictions might be considered as results of interpolation, not extrapolation. This result strongly supports that the predictions are reliable and under the confidence limit of applicability domain. Based on the statistical aspects following observations are found:
(1) As mentioned earlier, due to the small number of compounds, true Hence, it can be summarized that when human cytotoxicity response is considered as the dependent variable, the predictability of the developed PLS models is almost same whether computed descriptors are considered alone or combined with E. coli cytotoxicity response as predictor variables. On the contrary, when E. coli cytotoxicity response is considered as the dependent variable, the predictability of the developed PLS model (M4) from both the computed descriptors and the human cytotoxicity response as predictor variables is superior to the PLS model (M3) developed with only computed descriptors only in respect of true (2) Again, when the sum of the residuals of the observed and predicted values for all the compounds are considered, the predictability is far better in case of model M2 and model M4 than those for model M1 and model M3, respectively (See Table S3 and Table S5 in supporting information).
A summary of the above results confirms that the model developed employing one of the cytotoxicity responses as predictor variables along with the computed descriptors is more predictive than the model developed with only computed descriptors. The OECD principle 5 for QSAR model development demands mechanistic interpretation of the developed QSAR models, if possible (OECD, 2004) . So, we have provided insight regarding the mechanistic interpretation for both species in Section 3.2.
As CuO, Mn 2 O 3 and WO 3 are not employed in the development of any model, they are considered as true external data points in the present study. The developed models are used to predict HaCaT toxicity of CuO (2.42) from Eq. (1) and E. coli toxicity of Mn 2 O 3 (2.87) and WO 3 (0.17) from Eq. (2). Moreover, the visual inspection of the plotted relationship between the experimental and predicted toxicity of the considered metal oxides by Eqs. 1 and 2 (Figs. 1 and 2) additionally confirms the robustness of the models. For the reliability and acceptability of our prediction, we have tried to compare our predictions of the mentioned nanoparticles with available predictions made from reported models in another study. Gajewicz et al. (2015b) applied nano-read-across model to estimate the cytotoxicity to E. coli for untested metal oxide Gajewicz et al. (2015b) were single point QSTR model where as our present models are interspecies QSTR model and in both cases the prediction values are very close. Unfortunately we have not found any experimental or predicted cytotoxicity value of WO 3 to HaCaT cell lines. In our future work we will include experimental data of these metal oxide nanoparticles for the respective species once they become available.
Mechanistic aspects of cytotoxicity 3.2.1. Mechanism prevailing for HaCaT cell lines
Along with the response of E. coli toxicity, the descriptors m and ΔH f c are identified as the two most important features that collectively determine the toxicity of the metal oxide nanoparticles to the HaCaT cell line. The first significant descriptor (based on the standardized coefficient) m is defined as the electronic chemical potential. The energy structure of metal oxides is calculated using chemical reactivity concepts developed within the density functional theory. In this perspective, any chemical system can be characterized by an electronic chemical potential (m) and absolute hardness (η). These quantities are reactivity descriptors for isolated chemical species that can be used to represent the electron transfer process of any combined systems (here, metal oxides) (Kohn et al., 1996) . The chemical potential characterizes the escaping tendency of the electron cloud from the equilibrium state, and is equivalent to the negative of Mulliken electronegativity (χ) of an atom:
, E is the ground-state electronic energy, N is the number of electrons and Z is the nuclear charge. By inserting the energy parameters of the ionization potential and electron affinity into the Mulliken electronegativity, it is possible to show that the Mulliken chemical potential is a finite approximation of the difference of electronic energy with respect to the number of electrons (Mulliken, 1935) , i.e.:
In Eq. (4), E i is the first ionization energy and E ea is the electron affinity.
Thus, the electronic chemical potential can be apparently expressed using the Mulliken electronegativity which relates to properties of the cations themselves in the series of the studied oxides. The electronegativity mainly depends on the ionic radius and formal charge of the cation. Since electronegativity is a measure of the tendency of an atom to attract a bonding pair of electrons, it is clear in the context of the Haber-Weiss-Fenton cycle (Koppenol, 2011) that the increase of the cation electronegativity should result in the increase of catalytic properties of metal cations and consequently, it increases the toxicity of the metal oxide nanoparticle.
The second important descriptor ΔH f c defines the standard enthalpy of formation of metal oxide nanocluster. ΔH f c corresponds to the energy associated with a single metal-oxygen bond in the oxides (E ΔH°) and the number of electrons involved in the formation reaction, since the standard enthalpy of formation ΔH f°f or a given MeOx can be expressed as (Portier et al., 2004) :
In Eq. (5), N A is the Avogadro number and n e is the number of electrons involved in the formation reaction. Thus, high absolute values of the enthalpy of formation of the cluster indicate metal oxide nanoparticles with strongly bound cations of large formal charge.
Summarizing characteristics of both descriptors one notices that the first one is closely related to the surface redox activity of the nanoparticle. In this process, the transfer of electrons from the valence band to the conduction band is caused by the intracellular redox processes occurring in the biological media. On the other side, the second descriptor describes process involves the detachment of metal cations from the surface of metal oxides. Both processes are collectively responsible for inducing oxidative stress in the HaCaT cell lines. In addition, the response of E. coli toxicity has positive effects towards the HaCaT toxicity as explained by the developed nano-QTTR model. Though not directly related with the mechanistic interpretation for HaCaT toxicity, it is an important observation considering the model prediction.
Mechanism prevailing for E. coli
In terms of mechanistic interpretation of the model, both the computed descriptors along with the HaCaT toxicity response as predictor variables are responsible for the E. coli toxicity. The first descriptor ΔH Me þ represents the enthalpy of formation of a gaseous cation having the same oxidation state as that in the metal oxide structure:
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n Me ΔH Me þ descriptor combines both types of mechanism responsible for the cytotoxicity of the oxides which are closely related to the lattice energy, as ΔH L represents the enthalpy of the reaction:
A negative value of the lattice energy increases with increasing cationic charge (n). Similarly, a positive value of ΔH Me þ increases with increasing charge of metal cations. As a result, the release of cations Me n þ having smaller charge is more energetically favourable than the release of cations with larger n. The above mechanism can rightly explain the following order of reduction of toxicity of the studied oxides: Me 2 þ 4 Me 3 þ 4Me 4 þ . Obviously, much more energy is required to detach four electrons than three (or two) to form the appropriate cations.
The second descriptor χ ox defines the charge of the metal cation corresponding to a given oxide, has a negative coefficient. The cytotoxicity of metal oxide is inversely proportional to the value of χ ox . Those oxides having low χ ox (like CoO, NiO, CuO and ZnO) usually exhibit strong reductive properties that define the easy detachment of the metal cation resulting in enhancement of their cytotoxicity to E. coli. As we have hypothesized in this study, for the most toxic metal oxides the small fragments release the electron much easily than similar fragments build-in the crystal structure. Strongly reductive fragments initiate formation of reactive oxygen species (ROS) resulting in oxidative stress. Thus, it can be inferred that metal oxides having the lower charge of the metal cation corresponding to a given oxide usually exhibit strong reductive properties. This implies easy detachment of the electrons from the metal oxides which enhances their cytotoxicity to the bacteria E. coli. In addition, the response of HaCaT toxicity has positive effect towards the E. coli toxicity as explained by the developed nano-QTTR model. It should be specifically mentioned here that for any interspecies model the toxicity of a specific species is not responsible for toxicity of the other species. However, it provides a proper direction and indication for prediction of toxicity for a particular compound, when the corresponding data for any other specific species is missing.
The reported models in a mathematical way strongly support the previously established mechanistic approaches, along with few new revealed hints, and this is the first reported nano-QTTR approach to link two species, providing novelty and substantial innovative applicability of the presented work. Our nano-QTTR work is the first step of developing possibility of predicting in vivo results based on in vitro studies. Such strategy might, in future, lead to a significant reduction of testing nanoparticles with laboratory animals. Here, it is important to mention that we have not investigated the influence of coating/ligand on toxicity. In our work we have studied only uncoated NPs. So, we do not comment on whether that will affect or not the mentioned parameters. This is a limitation of applicability of our models. But, theoretically, coatings/liagnds can modify the activity, since they are present on the surface. There is already an excellent study investigating the problem elsewhere (Melagraki & Afantitis, 2015) .
Another aspect is that the applicability of the developed model is restricted to gram-negative bacteria only and specifically to E. coli. As hypothesized in Gajewicz et al. (2015a) , differences in toxicity mechanisms between gram-negative bacteria (e.g. here E. coli) and eucaryotic cells (HaCaT) is mainly related to the presence of additional membrane and the periplasmatic space between both inner and outer layers. As such, the place where free radicals are formed is different in both cases. It is possible (but not experimentally confirmed yet) that since gram-positive bacteria do not have a double membrane, the mechanism of toxicity would be different, and it may be even more similar to that for eucaryotic cells than to that for gram-negative bacteria. However, it will be too early to comment that the developed models will also be applicable for cytotoxicity of metal oxide nanoparticles to gram positive bacteria without any experimental evidence. The developed models should be applicable with confidence for prediction of cytotoxicity in E. coli.
Conclusions
The nano-QTTR approach has been developed for the first time according to our knowledge to model very complex biological end point, cytotoxicity of metal oxides nanoparticles. Major concluding remarks of the present work can be summarized as follows:
1. The present work mainly proposes mathematical expressions to extrapolate the cytotoxicity data of nanoparticles for E. coli to that for HaCaT cell lines and vice versa. To predict HaCaT cytotoxicity, electronic chemical potential (m) and standard enthalpy of formation of metal oxide nanocluster (ΔH f c ) are proved to be the best encoding features in additional to the experimental cytotoxicity of E. coli in terms of both statistical significance and mechanistic interpretability. The first process involves the transfer of electrons from the valence band to the conduction band by the intracellular redox processes and the second process involves the detachment of metal cations from the surface of metal oxides. A consensus of both processes collectively form highly reactive and less specific hydroxyl radicals inducing oxidative stress in the cells. On the other hand, to predict the E. coli cytotoxicity, both enthalpy of formation of a gaseous cation (ΔH Me þ ) and the charge of the metal cation corresponding to a given oxide (χ ox ) serve as the most significant attributes along with the experimental cytotoxicity of human cell lines. The release of cations Me n þ having smaller charge is energetically more favourable than the release of cations with larger n. Again, metal oxides having lower charge on the metal cation corresponding to a given oxide usually exhibit strong reductive properties signifying easy detachment of the electrons from the metal oxides which in turn enhances their cytotoxicity to the bacteria E. coli. 2. As the number of available cytotoxicity data points for the metal oxide nanoparticles is very small, the models have been selected based on the true . , H f c , 9
The above equations (correlating toxicity data of two different species) strongly suggest that the consideration of the species specific cytotoxicity of metal oxide nanoparticles as predictor variables along with other computed descriptors yields better models for prediction of the metal oxides to other species than the models developed using only the computed descriptors.
